The customer management literature has made significant progress toward evaluating the effectiveness of marketing activities using customer profitability as a basis. Customer profitability is an individual-level metric based on the discounted expected future cash flows minus the cost to serve a customer (Mulhern 1997) . This metric has been successfully used as a proxy to estimate the market value of a firm (Gupta, Lehmann, and Stuart 2004) , calculate the value of a company's customer base (Johnson and Selnes 2004) , and evaluate the return on marketing investments (Rust, Lemon, and Zeithaml 2004).
The customer management literature has made significant progress toward evaluating the effectiveness of marketing activities using customer profitability as a basis. Customer profitability is an individual-level metric based on the discounted expected future cash flows minus the cost to serve a customer (Mulhern 1997) . This metric has been successfully used as a proxy to estimate the market value of a firm (Gupta, Lehmann, and Stuart 2004) , calculate the value of a company's customer base (Johnson and Selnes 2004) , and evaluate the return on marketing investments (Rust, Lemon, and Zeithaml 2004) .
More recently, research has demonstrated that improvements in customer choice models can be achieved by incorporating customer dynamics. Specifically, Netzer, Lattin, and Srinivasan (2008) extend a choice model by incorporating a Hidden Markov Model to account for changes in customer-firm relationships over time. This research was extended by Montoya, Netzer, and Jedidi (2010) to incorporate marketing activities in the pharmaceutical industry. Similarly, Mark et al. (2013) extend a hurdle model to incorporate both marketing and customer dynamics in a retail context. A consistent finding in this stream of research is that ignoring customer and marketing dynamics in models of customer behavior results in inconsistent estimates of the impact of marketing activities on buying behavior (Mark et al. 2013) .
Despite the significant progress in the customer management literature, very little research has been conducted to understand why relationships are formed and how they evolve over time. Fournier and Avery argue, "because relationships come in different shapes and sizes, companies need to be cognizant of the requirements of diverse types of relationships beyond the loyalty ideal. Different relationships require different ways of relating, and managers must adapt their CRM programs accordingly" (2011, p. 64) . In their study, they conducted several interviews and collected surveys from 900 customers to develop a perceptual map of the various types of customer-brand relationships. Indeed, their map suggests customers build relationships with brands for a variety of reasons (i.e., weak and superficial or strong and deep). However, we argue that more research is needed to understand how these different types of relationships evolve over time. Our main objective is to address this gap in the literature by developing a customer dynamics framework that offers empirical insight into how different types of customer-brand relationships evolve over time using readily available transactional data. Furthermore, we assess how marketing activities influence the trajectories (e.g., increasing, decreasing, or stable) of these relationships over time.
Our customer dynamics framework consists of four steps. First, we determine the number of latent behavioral
In this study, we assess how marketing activities influence the extent to which customers become more (or less) profitable to a company over time. Using data collected from an apparel and household goods multichannel retailer over a three-year period beginning in 2001, we apply a Hidden Markov Model to a longitudinal data set from a cohort of 4,165 customers over a three-year period. We find three segments: inactive, occasional, and loyal. We find 23 unique migration patterns among these segments. Price promotions have a positive effect on increasing migration patterns, but were not significant for stable patterns. Catalogs have a negative impact on stable migration patterns and were not significant for increasing migration patterns. Finally, we find coupons have a negative impact on both stable and increasing migration patterns.
states for a cohort of customers and estimate the transition probabilities among these states over time using a Hidden Markov Model (HMM). Each latent state represents a relationship type within the firm's portfolio of customers. Second, we define customer migration patterns as the change in segment membership from one period to the next and model this migration pattern using individuallevel sequences of latent behavioral states, estimated for each purchase occasion over the duration of the customer relationship. Third, we profile each segment using readily available buying characteristics and predict the profitability of each latent state. Fourth, we evaluate the impact of various marketing activities on customer migration patterns, controlling for life cycle factors. This framework is empirically validated using individual-level purchasing data from a cohort of customers. The data were collected from a North American apparel and household goods retailer over a three-year observation period. The retailer sells products that are similar to other retailers in the industry.
This paper contributes to research on customer management by providing a comprehensive customer dynamics framework. We apply a rigorous methodology to estimate individual-level customer migration patterns to provide insight into how different types of relationships evolve over time. Although extensive qualitative research has been conducted to inform us on the various types of customer-brand trajectories, we are the first to use longitudinal behavioral data to complement this stream of research.
Furthermore, we assess the effectiveness of various marketing activities and their respective roles at fostering profitable customer-brand relationships over time. From a managerial perspective, our research offers managers an approach for creating a customer relationship management strategy that addresses customer dynamics. Specifically, managers can determine the various types of customer migration patterns (e.g., decreasing, increasing, and stable), and determine segment membership for the customer base. Once this step has been completed, managers can customize marketing programs in order to strengthen their relationships with the firm so as to increase the overall monetary value of the customer base.
The remainder of this paper is organized as follows. We begin with a review of the literature on customer relationship management, customer dynamics, and the impact of marketing mix variables on customer behaviors. This section is followed by our customer dynamics framework and a description of our data. The third section presents the results of our analysis. The fourth section consists of a discussion section with managerial implications. We conclude the paper with limitations and offer suggestions for future research.
LiTeraTure reView
In finance, higher returns are expected from a diversified portfolio of investments. Similarly, marketers conceptualize individual customers as part of a portfolio consisting of different types of customer-brand relationships to understand their relative contribution to the profitability of the firm (Johnson and Selnes 2004) . Johnson and Selnes characterize these relationships as acquaintances, friends, and partners. To maximize the monetary value of a customer portfolio, they argue that firms should encourage customers to build deeper relationships with them (i.e., convert friends to partners). These deeper relationships are more likely to provide a higher return because loyal customers (i.e., partners) are more willing to pay a price premium and accept new products through cross-buying and up-selling initiatives (Reichheld 1996) .
In their research, the authors develop a dynamic model by incorporating conversion and switching probabilities. They define conversion probabilities as the likelihood of a customer's relationship evolving from one type to another. In contrast, switching probabilities refer to the likelihood of a customer terminating the relationship with the company. Using simulations, they find a company can increase the monetary value of a customer portfolio by simultaneously increasing conversion probabilities and reducing switching probabilities.
Although their customer portfolio framework provides valuable insight toward a dynamic model of customerbrand relationships, there are several key assumptions in their model. First, they assume that progression of customer-brand relationships evolve in one direction. They argue that once customers migrate to stronger relationship types (i.e., partner), they are less likely to migrate back to weaker relationship types. This assumption is inconsistent with research that argues that if customers have a negative experience with a firm, such as a service failure, they may retaliate (Gregoire and Fisher 2006) or leave the firm (Folkes 1984) . Second, their scenarios make assumptions about conversion probabilities and how variations in these rates affect the monetary value of the customer portfolio. Rather than make assumptions regarding conversion probabilities, firms require a rigorous approach to calculate conversion probabilities so as to determine their impact on the overall monetary value of customer portfolios. Specifically, there is a need to understand how conversion probabilities differ for each relationship level and how marketing resource allocation decisions can be improved when the objective is to convert customers to more profitable relationships.
In their study, Homburg, Steiner, and Totzek (2009) use regression trees to segment a portfolio of customers. Once the customer base has been segmented, the authors estimate switching probabilities among the segments using observed transitions, and subsequently predict the monetary value of each segment to the firm. They find empirical support for a dynamic model of a customer portfolio over a static model, which incorporates switching probabilities into the model.
Similarly, Netzer, Lattin, and Srinivasan (2008) estimate a dynamic model of the evolution of customer-brand relationships. Rather than estimate switching probabilities using observed transitions, Netzer and his coauthors estimate transitions among segments using a Hidden Markov Model. In their discrete choice model, they conceptualize that a customer's choice is influenced by the type of relationship he or she has with the firm. They argue that the type of relationship a customer has with a company is unobservable and is therefore best captured by a Markov chain. Using alumni donations, they find individuals are more likely to donate when a marketing campaign is targeted to individuals based on their latent relationship state. Their choice model is further extended to incorporate the impact of marketing activities on relationship dynamics in a pharmaceutical context (Montoya, Netzer, and Jedidi 2010) . More recently, Mark et al. (2013) developed a dynamic hurdle model to understand the impact of various marketing activities on customer dynamics in a retail context. Using a Hidden Markov Model, their findings emphasize the importance of capturing dynamics in customer management models, as there are differences in how segments respond to marketing activities over time.
Customer dynamics and the Marketing Mix
Researchers have had access to an abundance of data enabling them to develop rigorous predictive models to understand when, what, and how much a customer will purchase from a company. These models inform us on customers' responses to marketing mix variables such as price promotions (Blattberg and Neslin 1990; Gupta 1988; Lewis 2004) , retail coupons (Grover and Srinivasan 1992) , advertising (Mela, Gupta, and Lehmann 1997) , and direct mailings (Rust and Verhoef 2005) .
Price Promotions
Price promotions, defined as a temporary price discount, are the most prevalent retail promotion researched (Blattberg, Briesch, and Fox 1995) . Several studies had been conducted to understand the impact of price promotions on brand choice (Guadagni and Little 1983) and purchase frequency (Blattberg, Eppen, and Lieberman 1981) . Gupta (1988) estimated several models with the IRI scanner panel data for regular ground coffee to determine the impact of price of promotions on buying behaviors. He found price promotions have a major impact on brand-switching behavior (84 percent of sales bump can be attributed to brand switching), and to a lesser extent, this marketing mix variable encourages customers to accelerate their purchase decision (14 percent of increase in sales is due to purchase acceleration), and only 2 percent of the sales increase is due to the stockpiling of products.
Using the IRI scanner panel data, Grover and Srinivasan (1992) develop brand choice and store share models to examine the effects of price promotions on brand-loyal and switching segments in the ground caffeinated coffee market. They found price promotions had a negative effect on brand share, whereas features and coupons had positive effects on brand share across each of the segments. Similarly, Mela, Gupta, and Lehmann (1997) argue that price promotions affect both nonloyal and loyal segments, making customers more price sensitive in a consumer nondurable category.
Dynamic programming has been used to develop marketing policies concerning the timing and type of promotion offered to a customer based on a customer's recency, frequency, and monetary value of his transactions (Khan, Lewis, and Singh 2009) . In an online retailer context, Khan and his coauthors found segment-level analysis reduced computational requirements relative to a one-to-one marketing program while maintaining profitability gains. In addition, they found price promotions are most effective for active customers and free shipping worked well for lapsed customers. From a customer management perspective, a limitation of Khan, Lewis, and Singh's research is that they do not show how individuals transition from a less (more) profitable state to a more (less) profitable state over time; rather, they investigate the relative impact of various marketing tools on the firm's overall profitability.
From a customer dynamics perspective, however, few studies have examined how pricing strategies can affect migration between nonloyal and loyal segments. An exception is the research by Lewis (2005) , in which he developed a model to optimize price promotions based on migration patterns, finding that customers with long-term relationships decreased in price sensitivity over time. We extend this literature by investigating the impact of price promotions on changes in customer profitability over time, that is, how customers migrate from one profitability state to another.
retail Coupons
Neslin and Shoemaker define retail coupons as "a temporary device to attract a disproportionate number of buyers with low purchase probabilities for the promoted brands" (Neslin and Shoemaker 1989, p. 211) . Early research on the effects of retail coupons established the relationship between coupons and brand purchases. Specifically, retailers can expect a short-term gain in brand purchases if they provide customers with a retail coupon (Bawa and Shoemaker 1987; Grover and Srinivasan 1992; Neslin and Shoemaker 1989) . Neslin and Shoemaker (1989) argue that brands that employ coupons to attract customers are less likely to retain these customers because they have a low probability of purchasing the brand without the promotion. As a result, these new customers lower the average repeat buying rate for the brand. Using a segmentation approach, Grover and Srinivasan (1992) found coupon redemption by loyal customers is more likely to result in stockpiling and accelerating purchases. Together, these findings suggest that coupons are an effective tool for increasing sales in the short run for both new customers and loyal customers. However, more research is needed at the segment level to determine whether coupons are an effective tool for maintaining relationships with customers.
advertising effects
Advertising enables firms to inform customers of unique product attributes and to influence customers' thoughts, attitudes, feelings, and decisions (Tellis 2004) . Although the effects of advertising are complex, there are several studies that provide insight into the effects of advertising in influencing customer decisions.
Favorable ad exposure provides customers with a trigger to attend to the ad, retain information, and expend cognitive elaboration on the information presented in the ad. Once the ad has been evaluated, subsequent ad exposure has no effect, or potentially a negative effect, because customers are no longer interested in evaluating the message (Tellis 1988) . Tellis argues that customers with brand familiarity or brand loyalty will have higher positive responses to brand exposures/advertising and will have a lower optimum exposure number. He also found the effect of advertising was much smaller than that of promotions.
From a long-term perspective, Deighton, Henderson, and Neslin (1994) found that as a customer is exposed to more advertising, the probability of him or her making a purchase of the brand increases. In addition, a customer's response to advertising is concave in that as the number of advertising exposures increases, so does the probability of purchase, but at a decreasing rate.
More recently, Simester et al. (2006) investigated the impact of direct mail on both short-term and long-term demand. Consistent with earlier findings, direct mail increased demand in the short term; however, they found mixed results for the long-term effects. Specifically, they found the "Best" customers reacted negatively to an increase in the number of catalogs received by reducing their future demand. The authors refer to this effect as "temporal substitution," arguing that any gains achieved in the short term are negated with a decrease in future sales. They also found these customers were more likely to make a purchase from a traditional channel (i.e., mail or telephone) instead of the Internet, as they received more catalogs. In contrast, customers that were not considered "Best" had the reverse effect. That is, an increase in catalogs in the current period resulted in an increase in future sales. These recent findings suggest a need for more research to investigate the effects of direct mail across segments over time. Our research aims to address this gap in the literature by investigating the impact of direct mail on changes in segment membership over time.
CusToMer dyNaMiCs fraMeworK
We develop a customer dynamics framework based on the evolution of customer-brand relationships, and determine the key drivers of change in relationship patterns over time. The customer dynamics framework has four components: customer-brand relationship types, customer migration patterns, relationship state profiles, and analysis of the impact of marketing activities on customer migration patterns. (See Figure 1 for a summary of our customer dynamics framework.) data As the customer dynamics framework has multiple steps, it is necessary to understand the nature of the data prior to discussing each step in detail. The data for this research are from a major North American retailer. The retailer has requested to remain anonymous, and for confidentiality reasons, the data are multiplied by a factor so as to disguise actual values. The retailer sells products in a variety of categories such as clothing, accessories, and household goods for men, women, and children. Customers can purchase these products across various channels including retail, Internet, and catalog. To calibrate the model in our customer dynamics framework, we collected daily transactional data from a random sample of customers over a three-year period, beginning in January 2001. Each customer in this cohort made his or her first purchase from the retailer during the first year of the observation period. Because we are interested in the evolution of relationships, only active customers that made a minimum of two purchases remained in the sample, resulting in a sample size of 4,165 unique customers. The total number of observations collected was 4,165 customers × 365 days × 3 years = 4,560,675 records. This approach is consistent with research in customer management (Reinartz and Kumar 2000) and customer dynamics (Ansari, Mela, and Neslin 2008) . Our data also include each marketing activity (e.g., retail coupon, price promotion, catalog, or e-mail) received by a customer during the observation period. The marketing activities vary by customer over time.
For the analysis, these observations were aggregated to a yearly basis, resulting in 12,495 observations. We aggregated the data to a yearly level because the mean number of orders for this cohort was 3.86 over the three-year period, which provided us with a reasonable number of observations per period without inflating the number of zero observations. Furthermore, we wanted to be consistent with the company's internal segmentation practices, namely, the company evaluated their segment memberships on a yearly basis.
In our sample, the customers purchased products with a mean order value of $380.89 over the three-year period. Customers cross-bought from an average of 8.58 categories in a variety of categories at all price levels (e.g., from less than $5.00 to over $5,000). These customers returned a mean of 0.94 items. The mean number of individuals per household is 2.85 and the mean household income is $86,210.30. Nine percent of these customers owned the company's loyalty reward card.
In addition to transaction data, the firm had specific information on marketing activities directed at the customers in our sample. The files we received from the company contained individual-level data on store loyalty card ownership, as well as the frequency and timing of all catalogs, coupons, and e-mails sent to each customer. In addition, the firm ran a number of price promotions throughout the period under study. Opportunity of exposure to these price promotions was similar across customers, as promotions were displayed on either the online store or in retail outlets. The company files recorded whether price-promoted items were purchased during a particular purchase occasion. Twelve percent of the customers in our sample had purchases with price promotions. Customers received a mean of 29 catalogs during the observation period. The e-mail variable captured in our research is more similar to figure 1 Customer dynamics framework an advertisement, as the e-mails did not contain any form of promotion or discount; rather, the e-mails were a form of communication with the intent of providing relevant product information to customers. At the time of the study, the company was experimenting with e-mail as a means to communicate electronically with its customers. Only those customers that registered for the loyalty card received e-mail communications (i.e., 9 percent of the customers in the sample). Refer to Table 1 for a summary of the variables.
step 1: Customer-Brand relationship Types
To determine the different types of customer-brand relationships, a first-order HMM is estimated. Markov models are flexible yet powerful models because they have the statistical property that a current observation only depends on the past observation. In marketing, Markov models have been applied to predict brand switching (Morrison et al. 1982 ) and more recently to choice models (Netzer, Lattin, and Srinivasan 2008) . For this research, the HMM is an individual-level model of each customer's purchase frequency over time. To reduce the number of nonpurchase entries in the model, the model is aggregated to yearly purchase events. For large values of n (number of purchase events) and p (probability of success), the value of λ (mean purchase frequency) approximates np; thus, the HMM follows a Poisson distribution (Ross 1994 ).
The hidden Markov states represent the unobserved customer-brand relationship types. As such, the evolution of a customer-brand relationship can be modeled as a customer's membership to a latent state at each purchase occasion. Adopting a Markovian approach, the complete data likelihood, L c , of a customer's purchase frequency is defined as
where
. . , m, denotes the observed sequence of customer purchase frequencies at time t;
C i , i = 1, . . . , n, denotes the hidden Markov chain at time t with n states, and
Equation (1) relies on the initial distribution parameter and the transition probabilities of the HMM. The HMM has a Poisson distribution where the initial rate, l, is the mean purchase rate across the customer base. The evolution of the Markov chain is described by its matrix of transition probabilities, P = (π jk ). The transition probabilities represent the probability of a customer migrating from one relation- ship state to another at the next purchase occasion based on the current period's buying behavior. The transition probabilities are defined by
where p jk ≥ 0 for all j, k and ∑ j jk p for all j, k.
In a noncontractual, business-to-customer context, customers can migrate from one relationship state to any other relationship state at the next purchase occasion. The customer-brand relationship research suggests that not all relationships evolve in a traditional, monotonic manner (Fournier 1998) . Some customers may be influenced by positive word of mouth, for example, and may decide to initiate a closer form of relationship with a firm. To allow for this flexibility in the model, customers' migration patterns are not restricted to moves to adjacent states.
For this research, purchase behaviors are incorporated into the model as time-varying variables to predict customers' transition probabilities among latent behavioral states. Several researchers recommend incorporating variables that explain customers' latent relational state over time into the transition matrix (Lewis 2005; Netzer, Lattin, and Srinivasan 2008) . Based on the findings of the literature review and discussions with management from the retailer who supplied the data, lagged variables of purchase frequency, average order value, cross-buying, and whether or not a customer owns the retailer's affinity card are incorporated into the latent class model to determine the initial transition probability matrix for the sample. The transition probabilities, π jk , follow a multinomial logit model with the following probabilities
where z ij = (1, z ij1 , z ij2 , . . . , z ijt ) is a 1 × K vector of time-varying buying behavior covariates for customer i, between period t -1 and t, and β is a K × 1 vector representing the effect of the covariates on transition to another latent state at the next purchase occasion. The covariates included are the lag of purchase frequency, lag of purchase amount, a binary variable to capture whether or not a customer owned the retailer's affinity card, and cross-buying.
To determine the appropriate number of latent states, S = 1,2,3, . . . n (S = states), the Bayesian information criterion (BIC) is used to evaluate the fit and parsimony of the model. This criterion is a conservative statistic because it penalizes in proportion to the number of parameters estimated and sample size (Wedel and DeSarbo 1994) .
step 2: Customer Migration Patterns
Adopting a Markovian approach to model the evolution of customer-brand relationships, customers' memberships to relationship states over time are categorized as a set of migration patterns. We define relationship migration patterns as individual-level sequences of unobserved (latent) relationship states captured at each observation period. The relationship migration patterns are estimated using the parameters of the HMM (e.g., probability distribution and transition matrix) and the observed customer-brand interactions. Specifically, we employ the Viterbi algorithm (Harte 2005) on the HMM parameters to detect latent state membership for each individual at each observation period. Subsequently, the migration patterns are categorized into increasing, stable, or decreasing functions based on the predicted sequence of latent states. By profiling each segment, we can subjectively classify a movement from one state to another as either increasing or decreasing in profitability to the firm. Understanding the relative profitability of each migration pattern to the firm can be achieved by describing each segment using buying characteristics and customer profitability metrics. The segments are profiled in the third step of the customer dynamics framework. Using HMM to classify patterns is a well-established modeling approach in speech recognition (Rabiner 1989 ) and machine learning (He and Kundu 1991) .
step 3: Profiling relationship states
To differentiate each state, states are characterized based on the buying behaviors of the group of customers belonging to a state at each period. In addition, we calculate customer profitability of individuals so as to ascertain the monetary value of each segment.
step 4: assessing impact of Marketing actions
The final component of our customer dynamics framework consists of evaluating the impact of marketing activities on relationship patterns. Specifically, we assess the relative effectiveness of a variety of marketing activities on a customer's latent state membership over time. The objective of marketing expenditures is to influence customer buying behavior so as to maximize the monetary value of the customer base. One approach to maximize the monetary value of the customer base is to convert groups of customers from less profitable segments to more profitable segments (Zeithaml, Rust, and Lemon 2001) . To model the transition from one relationship state to another, customers must move beyond an unobservable threshold. Netzer, Lattin, and Srinivasan (2008) argue that customers transition beyond a threshold when the cumulative impact of customer-brand interactions reaches a tipping point, triggering a transition to another segment. To assess the impact of marketing activities on changes in migration patterns, a multinomial logit model (Wooldridge 2002 ) is estimated, where customers are categorized into segments based on their segment membership at period t.
The dependent variable for this model represents each customer's change in latent state membership from one observation period to the next. The dependent variable is a categorical variable of migration pattern changes, where 1 represents an upward change in latent state, 2 represents no change in latent state (i.e., stability), and 3 represents a downward change in latent state. In this model, the independent variables are time-varying variables representing both marketing actions and customer demographics. This firm's marketing activities are periodic mailings of catalogs, coupons, targeted e-mails, and price promotions. In contrast to the covariates included in the transition matrix, these covariates are incorporated into the regression model because they have an immediate and consistent impact on a customer's decision to buy from a firm (Netzer, Lattin, and Srinivasan 2008) .
resuLTs
This section presents the results of our customer dynamics framework. The first step in our framework consists of estimating the poisson HMM. This step calculates the Markov model parameters, including the transition probability matrix and the purchase rate for each segment of customers. Using the HMM parameters, the second step estimates the sequence of latent states for each customer over the three-year period. The third step profiles each segment using buying characteristics and lifetime value measures so as to profile the profitability of each segment over time. Finally, the fourth step assesses the impact of marketing mix variables on customer migration patterns.
step 1: Poisson hidden Markov Model
HMM are based on maximum likelihood estimation procedures, and as a result, the model solution converges to the local maximum. To ensure that the model converges to the local maximum closest to the global maximum, it is essential to have good initial estimates of the model parameters. According to Rabiner, the initial model estimates can be selected randomly or based on any model that is appropriate to the data (1989, p. 279) . To determine the initial model parameters, we had several discussions with the retailer's marketing director. The initial transition probabilities, number of segments, and purchase frequency for each segment were estimated numerically using a finite mixture regression model similar to an internal model employed by the retailer:
Pr(PurchaseFreqency) = a + β 1 x 1 + β 2 x 2 + β 3 x 3 + β 4 x 4 + e, where x 1 represents lag of number of purchases, x 2 represents lag value of purchases, x 3 represents cross-buying, and x 4 represents ownership of company credit card.
The first parameter of the HMM is the number of states. Because there is no theoretical guidance to influence the number of states for this model, the BIC is assessed to determine the appropriate number of states. Relative to two-state and four-state models, a three-state model best fits the data. See Table 2 for a comparison of log-likelihood values and BIC of models estimated with n = 1 to 5 states.
The second parameter of the HMM, l, is the mean purchase frequency for each state. Using the segmentation results from the finite mixture regression model, the starting values for l are 0.25 for state 1, 2.03 for state 2, and 3.57 for state 3. The mean purchase frequency for each state suggests that state 1 is the least valuable to the firm, relative to state 2 and state 3.
The third parameter of the HMM is the starting value of the transition probability matrix. These probabilities were estimated by counting the number of customer transitions from state i to j and dividing it by the number of transitions from state i to any state (Rabiner 1989, p. 280) . See Table 3 for the starting value of the transition probability matrix. These initial estimates of the HMM parameters enable estimation of individual-level hidden Markov models for the cohort of customers.
step 2: estimate sequence of Latent states for each Customer
Once the individual-level parameters of the HMM were estimated, Step 2 of the customer dynamics framework consisted of estimating the sequence of latent states. The sequence of latent states was estimated for each customer using the Viterbi algorithm (Harte 2005) . To ensure convergence, customers that did not make a purchase for a period of one year were assumed to be lost for good. A lost-for-good customer is defined as a customer that has made a commitment to buy from one company (Dwyer 1997) . When the tion pattern is a 3, 2, 1 state sequence. The second pattern is stable in that the sequence of states does not change from one period to the next. This pattern includes all customers with a 2, 2, 2 state sequence, for example. The third pattern is a state sequence that increases from one period to the next (i.e., upward movement) such as 1, 2, 3. Not surprisingly, in data from a retailer where customers make purchases from several retailers to satisfy their apparel and household goods needs, downward trends outweigh upward trends. See Table  4 for the frequency of migration patterns.
step 3: state Profiles
The third step of our customer dynamics framework is the profiling of customers belonging to each latent state. The customer profitability and buying characteristics of the group of customers in each respective state provides insight into the relative profitability of each state to the retailer, for each observation period. Table 5 provides a summary of the state profiles.
Though there are variations across state profiles over time, it is apparent that there is a progression in the relationship between the retailer and the customer from lower states to higher states. For the purpose of exposition, we label the members of state 1 as Inactive. In essence, this is the absorption state as the relationship between the cuscustomer no longer makes purchases with the company, the customer is assumed to have switched to a competitor indefinitely. In comparison, an always-a-share customer is defined as a customer that has several companies in his consideration set and thus allocates a share of purchases to each of them over time. This assumption is consistent with the company's internal practice and affected only 12 of the 4,165 customers in the cohort.
Comparing latent state membership across periods, we found substantial movement among the three segments from one period to the next. Specifically, we found that 16.3 percent of the customer transitions (1,358) across states were upward-for example, from state 1 to state 2 or 3. Fifty-eight percent of customer transitions (4,874) were downward in nature and 25.2 percent of customer transitions (2,098) were stable, where the customer stayed in the same state from one period to the next. In year 1, state 1 had 678 customers, while state 2 had 2,089 and state 3 had 1,398. In year 2, we found the size of state 1 had increased to 2,296, while the size of states 2 and 3 decreased to 1,681 and 188, respectively. In year 3, the size of state 1 was 3,059, compared to 715 and 391 for states 2 and 3, respectively.
From a long-term perspective, three distinct customer migration patterns emerge from the individual-level sequence of latent states. The first migration pattern is a downward sequence. An example of this downward migra- tomer and the retailer deteriorates. This is evidenced by the decline in mean number of orders and total order amount.
In the first year, customers in state 1 place an average of 1.24 orders with a mean total order amount of $129.39. These numbers were significantly lower in both the second (0.31 mean orders; $27.92 mean total order value) and third years (0.29 mean orders; $28.39 mean total order value). Over the three years, the average order size declined from $104.35 to $27.92 to $25.94. We label the members of state 2 as Occasional customers. Over the study period, the mean purchase rate (year 1-2.13; year 2-1.79; year 3-1.33), mean total order value (year 1-$205.22; year 2-$167.47; year 3-$123.64), and average order size (year 1-$104.92; year 2-$103.60; year 3-$100.63) all decline but are still clearly above an inactive threshold.
In contrast to the other states, the profile of state 3 customers, the one we label as Loyal customers, strengthened over time. Traditionally, an increase in monetary value over time, holding the price of products constant, is what would be expected from customers whose relationship with the retailer strengthens. The mean purchase rate increased There is an anomaly in the first year in that state 2 customers appear to be more valuable to the firm than state 3 customers (higher mean purchase rate and higher mean total order value), but this pattern changes in subsequent years. A possible explanation is that it is challenging to determine which customers will be more profitable to the firm in the future after only one year of observation. The differences between the two segments in the first year are very small-could it be that after one year of observation we only have two states, but by the second year we have three states? Our model assumptions were a three-state model for all three years-a requirement of the HMM modeling procedure. However, consistent with categorization theory (Moreau, Markman, and Lehmann 2001) , as more information becomes available through repeated behavior, the ability to distinguish the highly valuable customers increases.
state Profitability
In addition to profiling states using buying characteristics, we calculated customer profitability to provide insight into the relative profitability of each state over time. Owing to confidentiality concerns, the participating firm did not want to disclose profitability. We applied a simple margin level to each order to determine an estimate of Gross Profit. State profitability was determined by summing the gross profit of orders across state members for each year.
We found differences in the profitability of each state, enabling us to refer to the first state (Inactive) as the least valuable to the firm. Because of the corresponding drop in the number of transactions, this remained true even as the size of the first state grew over time. Total state profitability for state 1 was around $33,000 in both years 1 and 3 despite the fact that the state 1 membership increased by over 450 percent. The second state (Occasional), because of its size relative to state 3, was the state that generated the most profits for the firm in years 1 and 2. State 2 profitability in year 1 was $162,921, declining to $106,979 in year 2 and $33,591 in year 3. The decline in state profitability was primarily due to a decline in state memberships as the purchase rate and average purchase size declined by only 38 percent and 4 percent, respectively. State 3 (Loyal) cus- Note: Since the collecting of e-mail addresses was new to the firm during the study period, too few "stable" customers were sent e-mail communications to generate meaningful parameter estimates.
tomers, though smaller in number, were quite valuable to the firm. By year 3, state 3 represented slightly more than 9 percent of the customers in the sample, but generated 49 percent of the profits ($64,292).
step 4: assess impact of Marketing activities on Migration Patterns
For
Step 4 of the customer dynamics framework, we assessed the impact of various marketing activities on customer migration patterns. In essence, the goal was to determine whether specific marketing activities were associated with movements between states. Since most of the marketing activities had a short-term orientation, we looked at single period movement opportunities. That is, for period i, we looked at the marketing activity for that period as well as period i-1 for any lagged variables. We define an increase as a movement from a lower numbered state in period i-1 to a higher numbered state in period i. Given the descriptions of the states provided in the previous section, an increase is akin to an improving relationship between the customer and the firm. Similarly, we define a decrease as the movement from a higher numbered state in period i-1 to a lower numbered state in period i. Stable is defined as no change in state between sequential periods.
Using the migration between periods as the dependent variable, a multinomial logit model was run using a variety of marketing activities and demographics as independent variables. A decrease was used as the comparison migration category since this represented the worst outcome for the retailer.
The initial model, including all variables, indicated that none of the demographic variables were significant, and these were removed from the final model. Table 6 presents the detailed results of the analysis.
Price promotions appeared to play a significant role in an increasing migration between states. Compared to a decreasing migration pattern, the purchase of products on discount was a significant indicator of an increasing migration pattern (b i 1 = 0.1445; p < 0.001). This was not true when comparing stable to decreasing migration patterns (b s 1 = 0.0159; n.s. [not significant]). Both current and lagged variables were used to assess the performance of catalogs. This was done to incorporate both the current effect and long-term advertising effects. Though much of the current line of merchandise would be promoted in the current period, the fact that catalogs are often kept around for longer periods of time rather than immediately discarded means that the influence of advertising increases (based on the increased chance of being seen around the household). As the number of catalogs mailed to a customer in the current period increases, the results suggest that customers with stable state memberships are more likely to experience a downward movement in state membership (b s 2 = -0.0884; p < 0.001), whereas the effect on customers with upward movement in state membership was positive but not significant (b i 2 = 0.001; n.s.). The lagged variable for the number of catalogs mailed to a customer has the opposite effect. Specifically, customers with upward shifts in state membership are more likely to experience a downward shift in state membership as the number of catalogs shipped in the previous period increased (b i 3 = -0.0081; p < 0.001). Customers with stable state memberships are more likely to remain stable as the number of catalogs they receive in the previous period increases (b s 3 = 0.0851; p < 0.01). The third marketing activity in our model is retail promotions in the form of coupons. The retailer sent a series of coupons to customers over the three-year observation period. The coupon promotions included in this analysis were widely circulated (e.g., Anniversary Sale, Christmas Promotion). The data measured whether or not a coupon was used during a purchase occasion. For this retailer, coupons had a negative impact on customer migration patterns. Specifically, coupons had a significant negative impact on upward shifts in migration patterns (b i 4 = -0.1028, p = 0.057). Similarly, coupons had a significant negative impact on stable migration patterns (b s 4 = -0.4378; p < 0.001).
Finally, e-mail communications did not have a significant effect on the extent to which customers migrate from one state to another over time. At the time of our study, the retailer was experimenting with e-mail communications. Few customers belonging to the "stable" state received e-mail communications, and, as such, meaningful parameters were not generated.
disCussioN
Customer relationship management (CRM) research emphasizes building long-term relationships (Bolton, Lemon, and Verhoef 2004) . To achieve this goal, it is essential to have a segmentation strategy that accounts for the various types of relationships present in a firm's customer base. A company must begin by understanding what types of relationships exist between the company's brand and their customers (e.g., weak to strong relationships). Furthermore, understanding segment membership and changes between segments is an equally important component of a segmentation strategy, since ignoring customer dynamics underestimates the monetary value of the customer base (Fader and Hardie 2010) .
As an extension to previous work in this vein, our research offers an integrated approach to CRM by predicting customer migration patterns and by enabling the assessment of marketing actions' ability to strengthen customer-brand relationships. Extant research encourages the allocation of additional resources to the most valuable customers (Reinartz and Kumar 2003; Reinartz, Thomas, and Kumar 2005) . However, only by probing how marketing actions affect the evolution of customer relationships can the optimal nature and extent of this resource allocation be determined. Though some generalizations may exist, in all likelihood, the prescriptions will vary by retailer and/or product category.
We created our customer dynamics framework with a relatively small sample (4,165) over a short period of time (three years) in a particular industry (apparel and household goods retailing). An analysis of the entire customer base, with a longer time horizon or shorter aggregation periods (resulting in longer migration paths) and a finer demarcation of marketing actions, would undoubtedly deepen the analysis. Nevertheless, we were able to demonstrate-especially to the retailer involved-that marketing actions have a differential impact on customer relationships and that these impacts were not always in the expected direction.
We subcribe to the notion that the relationship between a customer and the retailer at any one time can be captured by a latent construct: unobservable through traditional demographic or behavioral segmentation (Netzer, Lattin, and Srinivasan 2008) . For this reason, similar to Netzer, Lattin, and Srinivasan (2008) , we employ a Hidden Markov Model to estimate changes in customer buying behavior. However, we relax assumptions used in the Netzer, Lattin, and Srinivasan (2008) model by not restricting customer migration movements to adjacent states. This more closely represents the fact that not all relationships evolve in a traditional, monotonic manner (Fournier 1998) . The primary focus of our customer dynamics framework is to better understand the migration patterns of customers as their relationship evolves. However, since we assume that the relationship is not directly observable, the evolution of this relationship is also unobservable. For this reason, we applied the Viterbi algorithm (Harte 2005) to the HMM parameters in order to estimate the state membership of each customer at each purchase occasion. Collection of these state memberships helps to illuminate underlying patterns-an approach well documented in the speech recognition literature (Rabiner 1989) . Capturing the sequence of latent states enables us to empirically examine the evolution of customer-brand relationships.
The combination of the HMM analysis plus the Viterbi algorithm proved quite effective in modeling relationship states and the migration of customers in our empirical sample. In year 1, all customers made their first purchase with the retailer. Accordingly, the variance in observable characteristics across states is relatively small. Table 7 provides the key metrics of mean number of orders, mean total order amount, and average order size across the states and indexed to the Inactive state average. In year 1, all index levels are between 92 and 172. However, the indices diverge dramatically in years 2 and 3. By year 3, those in the Loyal state have a purchase rate that is almost 14 times higher than those in the Inactive state and 3 times higher than those in the Occasional state. Mean total order amount shows even more dispersion.
Academicians and practitioners have long assumed that customer-brand relationships strengthen over time (Reichheld 1996; Rust, Lemon, and Zeithaml 2004) , but little is known about why or how these relationships evolve over time. Does every relationship strengthen at the same rate over time? Are there different customer migration patterns for the most profitable customers? Do all loyal customers have the same migration pattern? If not, how can marketers tailor their activities to accommodate for these differences? Our customer dynamics framework begins to address these questions. Our empirical analysis indicates that, at least for this retailer, state membership is quite fluid. Less than 10 percent of the members of the Loyal state in year 3 were members of the Loyal state in year 1. About two-thirds (67 percent) of year 3 Loyal state members continually "grew" with the retailer (a pattern of 1-2-3), while about 90 percent of year 3 Occasional state members switched states in each year (1-3-2, 2-1-2, 2-3-2, or 3-1-2). Retailers working with their customer population data sets or samples that are considerably larger can isolate specific patterns for analysis. Why do certain patterns emerge? Are they the result of specific marketing actions (or omissions)? Are there certain trigger purchases or events that can set a customer on a certain migration path? In the current research, the sample sizes were much too small to conduct such detailed analyses.
A unique contribution of this research is the ability to investigate the role of marketing activities on fostering profitable customer relationships. Specifically, we looked at a range of pricing and promotion activities. Although the pricing literature suggests that brand-loyal segments are less likely to respond favorably to price promotions (Blattberg, Briesch, and Fox 1995) , in our retail situation, we found support for the effect of price promotions on favorable customer dynamics. Specifically, purchasing product on promotions had a strong significant effect on the likelihood that customers increased or strengthened their relationship with the firm. The price promotions may have encouraged purchases, instilled a habit, or increased behavioral loyalty to the retailer (Villas-Boas 2004) . Alternatively, this finding may be a result of an ongoing shift in shopping behavior. According to a recent report by PricewaterhouseCoopers and Kantar Retail (2010) , customers are shifting their shopping behaviors toward more conscious and practical consumerism. Their research suggests that customers are more likely to respond favorably to coupons and price promotions regardless of the customer's affect toward the brand and products.
The impact of the number of catalogs received on customer dynamics is more complicated. Here, we estimated the impact of catalogs in both the current and previous periods. For customers with increasing dynamics, the number of catalogs received in the current year had no impact on their likelihood of improving their relationship with the retailer. However, an increase in the number of catalogs mailed in the previous period to customers with positive dynamics had a negative impact. This finding is consistent with advertising literature in that once the ad has been evaluated, subsequent ad exposure has no effect, or a potentially negative effect, because customers are no longer interested in evaluating the message (Tellis 1988) .
For stable customer dynamics, catalogs received in the current period do not motivate customers to improve or maintain their relationship with the retailer. In fact, as the number of catalogs received increases, these customers are more likely to transition to a less valuable segment. However, higher numbers of catalogs received in the previous period are associated with a higher likelihood of a stable relationship. This "damned if you do, damned if you don't" finding is anecdotally consistent with what an occasional customer is. Repeated current exposure annoys customers, and they choose not to have a deeper relationship. Nevertheless, the long-term exposure to the brand has some positive glow. In any event, our findings suggest that companies should experiment and monitor the number of catalogs shipped to customers. More is not always better.
We also assessed the effectiveness of coupons for encouraging customer dynamics. We found that redemption of retail coupons had a negative impact on both increasing and stable customer migration patterns. These results suggest the use of coupons as a tool for building and maintaining relationships between the retailer and its customers was not successful. Rather than encourage customers to, at a minimum, continue buying from the retailer, it seems coupons were effective for initiating a purchase from customers with downward shifts in migration patterns. These customers are the least profitable to the retailer and seem to be dealprone. Furthermore, research suggests that coupons, which offer a discount subject to certain rules and actions, often attract a different type of customer (Bawa and Shoemaker 1987; Blattberg et al. 1978) . In our empirical situation, customers who redeem coupons appear to be negatively correlated with customers seeking stronger relationships. This is consistent with deal-prone or coupon-prone customer behavior that promotes switching to get the best deal over loyal shopping behavior. The implication is that for firms seeking to grow their relationship with customers, coupons are best used to gain trial by noncustomers rather than as a relationship-building tactic.
Managerial implications
Our customer dynamics framework provides insight into the impact of marketing activities on the evolution of customer-brand relationships. During the three-year observation period, there was substantive movement among repeat customers across all three states. Consistent with findings in the customer dynamics literature, 29 percent of customers in our sample demonstrated at least one change in latent state over the observation period. For this retailer, 16.3 percent of the migrations among the three states were upward. This upward trend in latent states is a positive indicator of the health of the company, as it suggests that repeat customers strengthen their relationships with the firm over time.
The customer migration patterns can be used as the basis of a customer relationship management (CRM) strategy. For this cohort, there are four key migration patterns. The first pattern is a flat pattern, with a stable state sequence (e.g., 2, 2, 2). These customers have a 92.5 percent probability of remaining in the state for the next period. For repeat customers, a flat pattern suggests a preference for the retailer over competitors. The company can expect these customers to remain active in the future. From a customer management perspective, the objective of the CRM strategy figure 2 Customer relationship Management strategy is to maintain the current relationship with these customers. Specifically, the marketing program should remain consistent over the duration of the relationship with the customer.
The second pattern, also a dominant pattern for this firm, is the plateau pattern. This pattern consists of customers who begin in the occasional state (i.e., state 2) and migrate to the frequent state (i.e., state 3). The plateau pattern suggests customers are strengthening their relationships with the retailer by buying more often and across numerous categories, thus increasing the overall profitability of the firm. The objective of the CRM strategy should be to increase the rate at which the customer reaches the plateau. This objective can be achieved by sending targeted marketing promotions (i.e., a discount on the customer's next purchase) to influence these customers to buy from the company.
The third pattern is an inverted U shape. Customers with this pattern have a latent state sequence that shifts upward in one period, followed by a downward shift (i.e., 2, 3, 1) in the next period. For a customer with an inverted U shape migration pattern, the objective of the CRM strategy should be to reduce the rate at which the customer terminates the relationship with the company. This customer begins the relationship in an active state and is thus more likely to be receptive to retailers' marketing efforts. The marketing program should be executed as long as the benefits outweigh the costs of strengthening the relationship.
The fourth pattern is downward sloping. The customer begins the relationship with the retailer in latent state 3 or 2, and over time transitions to latent state 1 (i.e., 3, 2, 1). These customers have an 87 percent probability of migrating to state 1 in the next period. For marketing managers, the objective of the CRM strategy should be to reduce the rate at which the relationship is terminated. However, the marketing program needs to be customized such that the cost associated with the campaign is less than the benefits achieved from prolonging the relationship with the customer.
When thinking about the specific marketing levers a marketing manager has at his or her disposal, we can gain some insights from our research regarding which marketing lever to pull under what conditions. For example, our results suggest that price promotions can be used to encourage an increasing migration pattern. Alternatively, merely increasing the number of catalogs may not be effective in moving customers to higher states, but may be effective in maintaining the stability of a customer's current state. Surprisingly, it appears that coupons would be least effective in encouraging customer migration to higher states. In sum, the migration patterns and trajectories we have identified here will enable marketing managers to analyze and identify the trajectories their customers take, and to design specific marketing strategies to grow and develop these customer relationships. See Figure 2 for an overview of the customer relationship management strategy.
LiMiTaTioNs aNd direCTioNs for fuTure researCh
There are several limitations to our research. First, we applied our customer dynamics framework to a sample of data from a retailer that sells apparel and household goods. As such, our findings cannot be generalized to other industries. However, we believe our framework could be applied to a variety of contexts including automotive, pharmaceutical, financial services, and so forth. However, companies interested in applying our framework need to capture daily transactions for each of their customers over an extended period of time.
A second limitation to our study is the impact of the Internet on sequential buying patterns. Specifically, we were not able to capture the availability of competing products both foreign and domestic into our model because we only had data from a single retailer. However, research suggests that the Internet facilitates customers' search for competing products and, as a result, customers are more likely to be less loyal to any particular brand (Ansari, Mela, and Neslin 2008) . Customers terminate the relationship with a retailer because they find a competing product that satisfies their preferences. This behavior might explain the increase in the number of customers that migrate to the Inactive state in our research. The customer-brand relationships literature would benefit from future research that investigates the impact of the Internet on customer-brand relationships.
A third limitation of our research is that we did not incorporate life cycle stages into our model of customer dynamics. As customers transition into new life cycle stages (e.g., single to married with children), we anticipate that their purchasing needs will change regardless of a company's marketing efforts. Future research would benefit from a model that captures life cycle stages; however, the model could only be achieved if companies collect and manage this type of data on a regular basis.
Finally, we were only able to analyze the impact of marketing actions on short-term changes to customer relationships. However, longer periods of investigation would enable the comparison of different types of relationship patterns. Fournier (1998) discusses several types of relationships between customers and brands, including, among others, flings, casual friends, and committed relationships. Each of these relationship types can be modeled using our customer dynamics framework and a longer observation period. Because the data are right-censored, it is difficult to determine how each pattern will continue to evolve. Will the migration pattern continue to increase, plateau, or decline rapidly? For example, there are concerns over a 1-2-1 or a 2-3-2 pattern. Are these temporary upward transitions in latent states? A longer observation period, or shorter aggregation period (e.g., from yearly to biyearly), would provide deeper insight into the sequence of states. For example, if the aforementioned pattern is only a temporary upward shift, then this pattern should be grouped with stable patterns (e.g., 1-2-1-1). Alternatively, if the shift is not temporary (e.g., 1-2-1-2 or 1-2-1-3), then a new pattern should be added to the set of customer migration patterns. One concern with a longer observation period is the nature of the buying life cycle for each industry. For this retailer, a two-four year cycle is the norm. Therefore, collecting data for a longer period of time may not be beneficial, since most customers will enter into the absorbing state by the end of the observation period.
CoNCLusioN
In this research, we develop a customer dynamics framework, which enables a firm to predict a customer's migration pattern over time. The framework also enables a firm to investigate the impact of marketing activities on these migration patterns. Our research offers new insights into customer portfolio management by explicitly capturing the evolution of various types of customer-brand relationships present in a longitudinal, transactional data set. Finally, the customer dynamics framework enables marketers to tailor their marketing programs to maximize their marketing efforts.
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